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Introduction 27
Good forecasts of future demand for air traffic as well as good forecasts of how airlines 28 are likely to serve this demand are essential to enable supply to adapt to growth in 29 demand. While the majority of existing research focuses on improving air travel 30 demand models, there is a growing interest in developing better itinerary share models 31 than those that already exist. Itinerary share models can be crucial to support airline 32 network planning and scheduling since important decisions on resources allocation and 33 pricing are made based on itinerary demand. These decisions are essential as airlines 34 plan their operations, purchase equipment and make strategic decisions. Airport 35 authorities also benefit from good forecasts, given the long timescales associated with 36 airport development and capacity expansion. Improving the accuracy of itinerary share 37 such discrete choice modelling. These approaches, which aim to model competition and 48 customer behaviour to determine air-travel itinerary shares (also known as demand 49 assignment models), are expected to more accurately predict air travel demand. While 50 most of the discrete choice models applied in urban transport are built using 51 disaggregate data and include information about the individual making the decision -52
i.e. the passenger -; in air transport, data disaggregation as well as data accessibility are 53 limiting factors. The need to quickly adapt to changes in demand makes flexibility 54 crucial for carriers and other stakeholders in the industry. For this reason, most of the 55 models built to support decision-making rely on booking data, which is generally 56
proprietary. Furthermore, airlines do not typically record much of the passenger data 57 that is relevant to passenger decision making, such as age, gender and income. This data 58
is not typically available, except for a small subset of passengers through surveys, 59
which are time consuming and costly to complete. 60
Most of the early studies on demand assignment for air travel focus on studying 61 the distribution of demand across one single dimension, i.e. only focusing on modelling 62 8 The output variable for the model developed in this paper is the market share (S i ) 159 of a given itinerary i. This is defined as the ratio of the demand of the itinerary i (d i ), to 160 the total demand for the market served by itinerary i (D m ), as shown in Eq. (1). The total 161 demand for market m is given by the sum of passengers travelling on all itineraries that 162 serve that market. 163
Detailed Forecasting Methodology 165
Following the work presented by Busquets et al. (2015) , which introduced the 3-stage 166 model described in §2 to forecasting future air traffic levels, this paper focuses on fully 167 developing its stage 2 -to distribute passenger demand across available itineraries. The 168 objective of this phase is therefore to transform Origin-Destination (O-D) demand by 169 city-pair into passenger demand by airport-pair using an air itinerary choice model. 170
Stage 2 of the 3-stage model described by Busquets et al. (2015) consists of 2 171 steps: identification of available itineraries estimated using logistic regression 172 (described in detail in Busquets et al. (2015) ), followed by the distribution of the O-D 173 demand by city-pair obtained from the O-D demand model (stage 1 in the 3-stage model 174 described by Busquets et al. (2015) ) across the available itineraries using a discrete 175 choice model. The first step is motivated by the scope of this research to improve the 176 current FAA's forecasting methodology while maintaining the simplicity of current 177 models and is inspired by a previous research (Kotegawa, 2012) . The second step is the 178 focus of this paper. This air itinerary model allows the flight segment passenger demand 179 by airport-pair to be estimated, based on the passenger itinerary demand from all O-D 180 city-pairs. It is not feasible to develop a model for each possible O-D market, so in 181 order to apply the discrete choice model, the US is divided into five regions, as done byand a region for Alaska and Hawaii. This specific O-D market grouping is an attempt to 184 capture similarities among all city-pairs. The number and nature of these regional 185 clusters will be modified using clustering techniques in future work. Given these 186 regions, 18 region-pairs have been defined considering all 16 possible combinations of 187 the Continental time zones -e.g., Central-Central (C-C), Central-East (C-E), Central-188 
between the attributes are accounted for by the model. After evaluating several model 232 specifications, the interactions that define the utilities considered in this paper were 233 identified as follows: 234
• Accessibility: The interaction between airport accessibility information and 235 multi-airport city information is accounted for (i.e., the masORIG and masDEST 236 variables). Four possible interactions are possible, two regarding the origin 237 airport and two regarding the destination airport. However, because coefficients 238 need to be normalised, the coefficients regarding accessibility for origin and 239 destination airports within cities that are not multi-airport systems are set to 0. 240
• From/to hub variables: The interaction between the hub variables (i.e., whether 241 the itinerary is from and to a hub, only the origin or destination airport is a hub, 242 or none of the itinerary airports are hubs) and markets that contain at least one 243 non-stop itinerary is considered. From/to hub variables are normalised by setting 244 the variable from and to a hub (i.e., the hub2hub variable) to 0. with data not used for the model estimation. Table 2 reports summary statistics for all 267 the entities. The set of hub airports varies between entities, as some hubs do not make 268 sense for some entities for geographical reasons. Table 2 
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284
Once the itinerary choice model is estimated using the MNL function, Eq. (1) is 285 applied to compute the market share of passengers on each itinerary. The estimated 286 passenger demand per itinerary is then used to compute segment demand -i.e., 287 passenger demand per airport-pair -which will ultimately be used as an input for stage 288 3 of the 3-stage model described in §2, as described in detail by Busquets et al. (2015) . Once the model is estimated, it will be applied in future work to estimate the 307 itinerary shares in the same network of 337 airports into the future. These results will 308 then be compared to those of the Terminal Area Forecasts (TAF) produced by the FAA. 309
Model Estimation Results 310
Parameter estimates for the six air itinerary share models mentioned above are reported 311
in Table 3 traveling from or to a hub airport (i.e., 1hub=1), and also between itinerary 361 attractiveness and travelling from and to a non-hub airport (i.e., no_hub=1). In both 362 cases fewer alternatives would exist than for an itinerary between two hubs. The 363 positive correlation for entities C-W and W-C may be because these sets of variables 364 interact only with itineraries belonging to markets in which non-stop options exist, and 365 itineraries from or/and to a non-hub airport may be associated with lower delay as well 366 as lower travel fare ratio than itineraries from and to a hub. 367
Regarding the model performance, both the likelihood ratio test and rho-squared 368 parameters for the six entities show reasonable goodness of fit. Although all the models 369 show a likelihood ratio test large enough to reject the null hypothesis that all 370 coefficients are equal to zero; rho-squared values tend to be largest for those models for 371 which the entire dataset has been used during estimation. To further analyze the results and understand the effect that the level of service 376 has on the willingness to pay, VOT is computed -using Eq. (4) -for an example case. 377 Table 4 literature. This may be because of a lack of differentiation between fare classes, the 386 level of aggregation of the data used or the differences between the entities' estimation 387 datasets. 388
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Model Results Validation 390
The estimated air itinerary share models are validated using data associated with city- 
Conclusion and Future Work 414
In this paper a step is made to improve on existing air traffic forecasting methodologies 415 through a better understanding of the factors driving demand, supply and network 416 dynamics. In order to achieve this, an aggregate air itinerary share model is presented 417 that only uses aggregate data, without further insight into service preferences, in 418 contrast to other models in the literature. Given this aggragate input data, the developed 419 model attempts to model demand effects and passenger travel decision more accurately 420 than is possible using other methods. Ultimately, when integrated into a 3-stage model 421 
